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Abstract 
The paper investigates the preferences and economic valuations of individuals about renewable energy sources for electricity 
production in the island of Crete. To estimate the monetary value of the social costs and benefits associated with renewable 
energy programs, we use stated preference data collected via a choice experiment. Focus is placed on the following key likely 
impacts of  renewable energy production methods as alternatives to traditional ones based on fossil fuels: (a) environmental 
impact on landscape, wildlife, noise levels and quality of air, and (b) economic impact on employment and electricity prices. We 
apply choice models to analyze the preference structure of residents for alternative impact scenarios that correspond to a mixture 
of  wind, solar, hydro and biomass power installations. The main target of the modeling approach is inference about welfare 
valuations and their relationship with the characteristics of the participants to the choice experiment. We derive welfare estimates 
and detect a number of significant effects that may inform energy and regional development policies. 
© 2013 The Authors. Published by Elsevier B.V. 
Selection and peer-review under responsibility of HAICTA 
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1. Introduction 
An important target of energy policy in Greece and in EU is the increase of the share of renewable energy sources 
(RES) in energy production. The national plan for Greece, as stated in [1], is RES to reach a 20% share of the total 
energy production by 2020, while for the electricity consumption the target share of RES is set to 40%. The island of 
Crete, due to its size, ample sun, wind and geo-morphological characteristics is one of the locations for which 
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deployment of large RES projects has already started and new installations are planned for the immediate future. As 
the primary income sources in the island come from activities related to tourism and other environmentally sensitive 
sectors as agriculture, there are serious concerns in local communities regarding the likely impacts of RES 
installation mixtures on the quality of the environment, as well as on the local economy. This paper aims to assess 
the economic valuations of these impacts made by urban and rural residents of the island of Crete employing a 
choice experiment design. Previous similar studies in Greece include the work of [2] and [3], who studied 
respectively the willingness to pay (a) of urban dwellers and tourists in Crete for the deployment of RES, and (b) of 
tourists for staying at hotels in Crete that use RES. These, and other studies of RES energy production in Greece, 
have used the contingent valuation method. An exception is [4] who used a choice experiment to estimate 
households’ willingness to accept compensation for wind farm installations in the Aegean. In the following sections 
we present the methodology, the choice modeling results, assess the impact of measured variables on welfare 
estimates, and finally conclude with a discussion of the findings. 
2. Methodology 
Individual preferences and economic valuations about renewable energy sources for electricity production in 
Crete are studied using a discrete choice experiment (CE). CE is a well known stated preference method (e.g. [5]) 
used to study the determinants of expected choice behavior in a hypothetical market process. Such experiments have 
been widely used in marketing, transportation research, and more recently in environmental and energy economics. 
Among others, [5], [6], and [7] provide comprehensive reviews of the CE methodology. 
2.1. Design and data collection 
The study focuses on two key aspects of  renewable energy production methods as alternatives to traditional ones 
based on fossil fuels: (a) environmental impact on landscape, wildlife, noise levels and quality of air, and (b) 
economic impact on employment and electricity prices. These are represented in the CE as the attributes of a 
hypothetic good that reflects the positive and negative effects a mixture of RES installations (either deployed 
already or in the future) may have on the environment and the local economy. These attributes were determined 
through review of the relevant literature and consultation of domain experts and local people. Table 1 presents their 
definitions and levels. The first attribute is the likely aesthetic effect on landscape. The second attribute is the impact 
on biodiversity and wildlife habitats, the third is the likely increase in noise levels, the fourth is the effect on air 
quality and the fifth is the degree of human labour transfer to RES installations in the log-run. Finally, there is a cost 
attribute that is the extra amount to be paid annually by households, additional to the present RES Tax level (about 
€25 on average in mid 2012). The definition and measurement of the non-monetary attributes follows the approach 
of Bergman et al. ([8], [9]) and Ku & Yoo ([10]), and was confirmed through extensive pilot testing. The values of 
the cost attribute were determined by taking into account scenarios of increases in the RES Tax announced by the 
Greek Regulatory Authority for Energy in 2012. They represent increases in the annual RES Tax amount per 
household, ranging from 10% to 60% with respect to the mid 2012 household average. 
 
Table 1. Attributes and levels 
Attribute Definition Levels 
LAND Aesthetic impact of a RES installation (depends on scale and deployment area) None , low, moderate, high 
BIO Impact on biodiversity of species as a result of habitat alterations in deployment areas Slightly negative, none, slightly positive 
NOISE Noise generation (relevant for large scale on-shore wind farms and biomass plants) Yes, none  
AIR Impact on air quality (relevant for biomass plants that burn non-fossil fuels)  Slightly negative, none  
EMPL Long-term jobs in a new RES installation  1-3, 8-12, 20-25 
COST Annual increase in the RES Tax part of the electricity bill (avg. RES Tax in 2012 is €25) €0 , €2.5, €5, €10, €15  
 
To reduce the large number (4×3×2×2×3×5 = 720) of possible choice alternatives for the given number of 
attributes and their measurement levels, we used an exact algorithmic fractional factorial design ([11]) that allows 
estimation of linear two-way attribute-attribute interactions. The design was developed and implemented using the R 
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statistical computing environment (http://cran.r-project.org/). The number of profiles in the design is 32. They are 
orthogonally split into 4 blocks of 8 profiles. In each profile, individuals were asked to choose one among three 
alternative scenarios for generic RES installation mixtures (as represented by attribute combinations) in Crete. Two 
of them are “RES” scenarios (RSs) and the third is the “non-RES” scenario or “status quo” (SQ). The survey was 
carried out in the island of Crete, during July-September 2012. The sampling unit of the survey is resident 
households. Data are collected with face-to-face interviews with an adult household member, applying 
geographically proportional stratification. The total sample size is 330. 
2.2. Sample characteristics – Measured variables 
The questionnaire used for data collection consisted of three parts. The first introduced the aim and scope of the 
study and provided the necessary attribute definitions, stating clearly to interviewees that the research is not about a 
specific RES type for electricity production (e.g. solar, wind, etc.), but for the generic attributes of RES installation 
types regarding their environmental and economic impact. The second was the choice experiment part 
complemented with follow-up questions elucidating the perceived factors that determine respondents’ choices and 
identifying protest voters. The third part was about background socio-demographic information. Table 2 presents  
 
Table 2. Socio-demographic variables. Definitions and descriptive statistics 
Quantitative Variables Definition Mean Median Std. Dev. Min Max 
AGE Age in years 36.98 33.00 14.02 18.00 80.00 
HHSIZE Size of household 3.00 3.00 1.43 1.00 10.00 
NKIDS Number of kids 0.86 0.00 1.21 0.00 8.00 
EDUCYRS Years in full time education 14.70 15.00 3.46 5.00 25.00 
INCOME Monthly net household income (,000 €) 1.73 1.25 1.05 0.25 4.25 
Qualitative Variables * Definition and levels Frequency Percent (%)    
GENDER Gender      
 0 = Male 191 57.88    
 1 = Female 139 42.12    
MARITAL Marital status      
 0= Single 178 53.94    
 1 = Married/Cohabiting 138 41.82    
 2 = Widowed/ Divorced 14 4.24    
KIDS Have kids      
 0 = No 193 58.48    
 1 = Yes 137 41.52    
OCCUP Occupation      
 1 = Public sector employee 68 20.61    
 2 = Private sector employee 90 27.27    
 3 = Self-employed 66 20.00    
 4= Unemployed 26 7.88    
 5 = Student 47 14.24    
 6 = Retired 23 6.97    
 7 = Other (housekeepers, workers, soldiers) 10 3.04    
HHOWN Owns residence      
 0 = No 178 53.94    
 1 = Yes 152 46.06    
REGION Prefecture of residence      
 1 = Chania 94 28.48    
 2 = Rethymnon 50 15.15    
 3 = Heraklion 147 44.55    
 4 = Lasithi 39 11.82    
URBAN Resides on urban location      
 0 = No 73 22.12    
 1 = Yes 257 77.88    
ENV Environmental group membership      
 0 = No 311 94.24    
 1 = Yes 19 5.76    
Base: N = 330. * Operationalised as dummies 
definitions and statistics for the key socio-demographic and geographical sample characteristics (henceforth called 
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individual specific variables – ISVs). 
Protest bidders pose a well known problem in discrete choice analysis (e.g. [12]). Using a set of appropriate 
questions asking zero bidders to provide reasons for choosing the status quo scenario, we classified 1.5 % of the 
respondents as protest bidders, a very small proportion indeed. These were excluded from further analyses, reducing 
thus, the effective sample size to N=325. 
2.3. Choice modeling methodology 
Modeling of individual choices proceeds with a random utility model (RUM) specification; Assume a stochastic 
indirect utility function for the choice of individual i, i=1,…,N (N=325) among three alternatives j{0,1,2} (0 for 
the SQ scenario, 1 and 2 for the RSs) at choice instance t=1,…,T (T=8) 
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Detailed accounts of the mixed logit model in a choice experimental framework can be also found in [14], [15], and 
[16]. Assuming linearity in the parameters of the deterministic utilities and allowing for two-way interactions 
between attributes and between attributes and individual observed characteristics, as well as for higher order 
polynomials of quantitative characteristics, deterministic utility is specified as 
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where R(k,l) is the maximum order of polynomial interactions of the attribute k with individual-specific variable w(l).  
Under specification (3), the vector of fixed parameters is ^ `( ) ( ') ( )0 , ,j kk rklE E E ȕ , where ( )0 jE  is an alternative 
specific constant capturing the average effects of omitted variables,  , ' 1,...,   'k k K k k z  and 1,...,l L . Random 
parameters   ( )kiE  follow some specific, usually continuous, probability distribution, say   ( )kkf E , with mean ( )kE  and 
variance 2kV . For simplicity, random parameters are assumed uncorrelated with each other. Simpler model forms 
employed in the analysis are derived from expression (3) through constraints imposed on the parameters. 
Mixed logit model estimation is performed with maximum likelihood (ML) methods. Likelihood is maximized 
with numerical integration over the random coefficients’ distributions using a variety of available methods, 
including: (a) discrete approximations of the hypothesized parametric continuous distributions   ( )kkf E  (e.g. as a 
finite mixture of normals, mass point methods such as Gaussian quadrature for the normal – e.g. [13], [17]), and (b) 
simulation methods (e.g. [7]), that are most commonly used in recent years. Here, we adopt the latter approach. In 
contrast to a fixed parameter specification of the random utility model, i.e. same across individuals preferences for 
choice attributes,   ( ) ( )k k
iE E{ , the random coefficient specification (3) handles heteroscedasticity and serial 
correlation in repeated choices made by individuals, and allows for non-proportional substitution patterns across 
alternatives (e.g. [7]). Notice also that the specified random coefficients model allows for two additive sources of 
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possible correlations between choices of the same individual; (a) correlations due to observed effects, introduced in 
the model through the interactions between attributes and individual characteristics, and (b) correlations due to 
unobserved preference heterogeneity, accounted for by the individual-specific random parameters. Both are assumed 
time-invariant (i.e. constant across choices of the same individual), implying a temporally stable structure of 
individual preferences. 
2.4. Estimation of the monetary value of attributes 
Given estimates of parameters in the utility function (3), marginal willingness to pay (WTP) for a unit 
improvement of a non-cost attribute k can be computed as 
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 Equation (4) is derived by decomposing (3) into terms that involve cost (C) and non-cost attributes (x(k) , k=1,...,K-
1), and computing the derivatives involved in (4). R(k,l) denotes the maximum order of polynomial interactions of 
the non-cost attribute k with individual-specific variable w(l) and R(C,l) the maximum order of polynomial 
interactions of variable w(l) with the cost attribute. Note that the presence of interactions between the cost and other 
attributes renders willingness to pay for attribute k dependent on the levels of other attributes, kǯ, and cost, C. 
Interactions of attributes with individual characteristics (observed heterogeneity) and the random coefficients of the 
choice attributes (unobserved heterogeneity) both render willingness to pay individual-specific. Estimates of the 
individual random parameters are computed during the simulated likelihood estimation procedure, and then are used 
to derive individual WTP values.
 
Finally, the estimated expected willingness to pay for attribute k is  
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where W denotes the multidimensional space of observed individual characteristics and  if w  the corresponding 
probability distribution function. Note that random coefficients are assumed independent from observed 
characteristics.     ( ) ( )( ) , ,k Ck i iiWTP E Ew  is given by (4). Integral (5) is analytically intractable and is evaluated 
numerically. Asymptotic confidence intervals for the expected WTP can be derived with Monte Carlo simulations 
using the estimated variance-covariance matrix of model coefficients under the assumption of asymptotic 
multivariate normality (MVN) of maximum likelihood estimates. Alternatively, at the expense of computational cost 
(that is considerable for the random coefficient models) non-parametric confidence intervals can be derived using 
resampling methods such as the bootstrap. The delta method is another option, based again on asymptotic normality 
of ML estimators. As expected, it provides similar results to the MVN Monte Carlo approach. Here, we use both the 
Monte Carlo and the delta method to derive asymptotic WTP confidence intervals. 
3. Choice modeling results 
We model the CE data using a sequence of increasingly complex logit model specifications. We start with a fixed 
parameter specification of an additively separable indirect utility function (3) that is assumed to include only main 
choice attribute effects (model termed FPL1). Then we add interactions between choice attributes and interactions 
between individual characteristics and choice attributes, allowing for higher order polynomials of quantitative 
variables (model termed FPL2). All possible two-way interactions are considered, and selection of effects to include 
in each specification is based on standard BIC (Bayesian Information Criterion) minimizing stepwise variable 
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selection procedures. For both fixed parameter logit models we estimate its random coefficient (i.e. mixed logit) 
version by allowing the main effects of choice attributes to vary randomly across individuals assuming independent 
normal, truncated normal or log-normal distributions. These parametric distributions, despite their drawbacks that 
are extensively discussed in the literature (e.g. [7]), is the common choice for the modeler. 
3.1. Model estimation 
To estimate the FPL and RPL models, we employed the publicly available maximum simulated likelihood 
GAUSS code of Kenneth Train (http://elsa.berkeley.edu/~train), modified for use in the R statistical computing 
environment (http://cran.r-project.org/). For RPL model estimation we tried sequentially several starting values, 
intermediate optimization solutions, number of points for the simulation of random coefficient distributions, and 
alternative optimization algorithms to reach a final solution. Finally, for each estimated model, marginal WTP for 
the non-cost choice attributes are computed using the methodology of the previous section. The covariates we used 
to specify the indirect utility function (3) are defined in section 2.2. 
 
Table 3. Estimated RPL model with interactions (RPL2) 
***, **, * indicate significance at 1%, 5% and 10% respectively. (ns) indicates significance at a level slightly >10% 
 
The variable selection procedure suggests optimal model specifications that include attribute - attribute 
interactions. However, for exposition ease, we consider here somewhat simplified model versions (FPL and RPL) 
that include interactions of attributes with socio-demographics only; Preliminary analyses indicate that aggregate 
welfare estimates from these models are very close to those from the more complex ones. Testing alternative 
combinations of independent normal, truncated normal, and log-normal distributions for the random coefficients, 
and employing the minimum BIC as the selection rule, we reached the conclusion that for both models - with ISVs 
(RPL2) and without ISVs (RPL1) - the data support a truncated normal distribution for the main effects of the COST 
attribute, and normally distributed main effects for all other attributes (LAND, BIO, NOISE, AIR, EMPL). That is, 
unobserved preference heterogeneity in the target population is empirically supported for all attributes; modeled 
covariates are not sufficient to capture the full heterogeneity in individual preferences for the RES attributes studied 
here.  
Variables Estimate  Variables Estimate  Variables Estimate  
ASC-SQ (ȕ0) -1.929 *** LAND:AGE 0.085 * NOISE: EDUCYRS -0.036 * 
  LAND:AGE2 -0.002 * NOISE: ENV 0.993 *** 
LAND (normal)  LAND:AGE3 1.3×10-5 (ns)   
mean -0.087 (ns)   AIR:INCOME -1.7×10-4 ** 
sd 0.410 *** LAND:INCOME2/100 1.1×10-6 * AIR:GENDER -0.366 ** 
  LAND:EDUCYRS -0.030 *** AIR:REGION2 0.448 * 
BIO (normal)  LAND:NKIDS 0.110 ** AIR:REGION3 -0.035 (ns) 
mean -1.564 (ns) LAND:HHOWN -0.084 * AIR:REGION4 0.308 (ns) 
sd 0.459 *** LAND:MARITAL2 0.331 ***   
  LAND:MARITAL3 0.436 *** EMPL:AGE -0.003 *** 
NOISE (normal)    EMPL:INCOME 3.4×10-5 ** 
mean 0.959 ** BIO:AGE 0.177 ** EMPL:INCOME2/100 -6.2×10-7 ** 
sd 0.714 *** BIO:AGE2 -0.004 * EMPL:EDUCYRS -0.003 ** 
  BIO: AGE3 2.6×10-5 * EMPL:HHSIZE -0.009 ** 
AIR (normal)  BIO:INCOME 3.9×10-4 * EMPL:NKIDS 0.015 *** 
mean 1.302 *** BIO:INCOME2/100 -1.1×10-5 * EMPL:URBAN 0.028 *** 
sd 1.272 *** BIO:NKIDS -0.084 * EMPL:ENV -0.059 *** 
  BIO:EDUCYRS -0.038 **   
EMPL (normal)  BIO:REGION2 0.171 (ns)   
mean 0.132 *** BIO:REGION3 -0.125 (ns)   
sd 0.074 *** BIO:REGION4 0.361 ** Fit statistics  
  BIO:URBAN 0.321 *** Sample size 325 
COST (truncated normal)    Log Likelihood -2286.7 
mean -0.042 *** NOISE:INCOME -1.5×10-4 (ns) BIC 4974.33 
sd 0.074 *** NOISE: INCOME2/100 4.5×10-6 * McFadden’s R2 0.160 
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McFadden’s R2 ranges from 0.05 for the FPL1 model to 0.16 for the RPL2 model, indicating acceptable levels of 
model fit for the choice models employed. [5] state that a LRI value of 0.2 corresponds to a standard OLS adjusted 
R2 value of about 0.7. Likelihood ratio (LR) tests are clearly in favor of the more complex RPL model 
specifications. Overall, the more complex RPL2 model is statistically superior as it achieves significantly better 
values of both the likelihood function and the BIC. Note also that the estimated standard errors of the random 
coefficients are statistically significant, justifying the conclusion of random unobserved preferences for all 
attributes. Estimation results for the RPL2 model are shown in Table 3. 
3.2. Welfare estimates 
Table 4 presents estimates from each model of the average WTP for the five investigated attributes, using 
equation (5), and the corresponding 95% confidence intervals. The latter are derived using the MVN Monte Carlo 
method. For the more complex and computationally demanding RPL2 model we employ the delta method. 
Table 4. WTP estimates (means and associated 95% confidence intervals in parentheses)  
  Model   
Attribute FPL1* RPL1* FPL2* RPL2** 
LAND 
 
3.06 
(0.95,6.09) 
2.47 
(0.88,4.47) 
2.77 
(0.87,5.35) 
2.66 
(1.05,4.28) 
BIO 
 
19.75 
(12.33,35.28) 
15.93 
(10.94,24.82) 
18.50 
(11.88,31.64) 
15.63 
(7.25,24.02) 
NOISE 
 
10.38 
(5.23,19.43) 
8.49 
(4.75,14.21) 
10.03 
(5.34,17.99) 
7.57 
(3.77,11.37) 
AIR 
 
27.13 
(16.32,49.31) 
24.38 
(16.23,38.62) 
24.96 
(15.46,43.47) 
21.81 
(13.12,30.50) 
EMPL 
 
0.70 
(0.38,1.27) 
0.52 
(0.30,0.85) 
0.65 
(0.36,1.14) 
0.59 
(0.33,0.84) 
* Monte Carlo estimates, ** Delta method estimates.  
For each attribute, WTP estimates from the four models do not differ significantly. However, RPL models tend 
to provide lower point estimates. Point estimates range from 2.47€ to 3.06€ per level change for the LAND attribute, 
from 15.63€ to 19.75€ per level improvement for the BIO attribute, from 7.57€ to 10.38€ per level change for 
NOISE, from 21.81€ to 27.13€ per level improvement in AIR, and from 0.52€ to 0.70€/employee for the EMPL 
attribute. From the best fitting RPL2 model, the average marginal WTP for LAND is estimated at 2.66€ per level 
change, 15.63€ for BIO, 7.57€ for NOISE, 21.81€ for AIR, while for the EMPL attribute at about 0.59€/employee. 
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Fig. 1. Estimated sample WTP values for the choice attributes from the RPL2 model: (a) marginal, and (b) bivariate distributions. 
Figure 1 depicts the distribution of estimated individual WTP for each one of the five attributes from the best 
fitting RPL2 model, together with projections of their bivariate joint distributions. The linear correlations between 
them range from -0.32 (for the pair NOISE-EMPL) to 0.36 (for the pair LAND-NOISE). Most of these correlations 
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between valuations for the five attributes are statistically significant (p-value < 0.001 for 8 out of the10 pairs) and 
are due to the common effects of individual characteristics and the significant interactions between some of the 
attributes. 
4. Effects of ISVs on welfare estimates 
Given a non-trivial functional form for the WTP, such as (4), we are interested to assess the effects of individual 
characteristics on the WTP for the choice attributes. We choose here to follow a regression approach instead of 
utilising the more cumbersome analytical calculations based on the derivatives of average WTP (e.g. see [18]). 
Specifically, we regress the estimated (from RPL2) individual WTP for each attribute on the ISVs, including 
polynomial terms of the quantitative covariates. We keep only significant terms, selected via standard stepwise 
procedures. It is worth mentioning that the selected terms are those that correspond to covariates with statistically 
significant interactions with the relevant attribute in the RPL2 model. This is an indication for the internal 
consistency of our approach. Table 5 presents the results.  
Table 5. Effects of ISVs on WTP for the non-monetary attributes (WTP estimated from the RPL2 model) 
***, **, * indicate significance at 1%, 5% and 10% respectively. (ns) indicates significance at a level slightly >10% 
 
Figure 2 shows the estimated average (i.e. evaluated at the mean values of other covariates and random coefficients) 
effects, of each quantitative ISV on the estimated individual-level WTP values from model RPL2. We restrict here 
the discussion to some selected main results. 
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Variables LAND BIO NOISE  AIR EMPL  
Intercept -11.200 (ns) -26.310 *** 39.250 *** 83.840 *** 0.616 (ns) 
AGE 1.609 *** 3.387 *** - - -0.052 *** 
AGE2 -3.718×10-2 *** -7.228×10-2 *** - - - 
AGE3 2.658×10-4 *** 4.550×10-4 *** - - - 
INCOME - 4.081×10-3 *** - - 3.499×10-7 *** 
INCOME2 - - 1.780×10-7 * -5.021×10-7 * -7.834×10-11 *** 
INCOME3 8.731×10-11 *** -3.403×10-10 *** - - - 
EDUCYRS -1.455 *** - -5.313 ** -12.040 * 0.223 * 
EDUCYRS2 3.028×10-2 * -8.569×10-2 *** 0.320 * 0.761 * -9.154×10-3 ** 
EDUCYRS3 - 2.510×10-3 *** -7.114×10-3 (ns) -0.015 (ns) - 
NKIDS 2.462 *** -1.836 *** - - 0.361 *** 
NKIDS2 - - - -0.406 * - 
NKIDS3 - - - - - 
HHSIZE - - - - -0.188 *** 
HHOWN -2.393 *** - - - - 
GENDER - - - -6.783 *** - 
REGION2 - 3.293 *** - 12.600 *** - 
REGION3 - -3.103 *** - - - 
REGION4 - 6.754 *** - 9.869 *** - 
MARITAL2 7.364 *** - - - - 
MARITAL3 9.381 *** - - - - 
URBAN - 5.646 *** - - 0.722 *** 
ENV - - 20.520 *** - -1.412 *** 
Fit statistics      
Sample size 325 325 325 325 325 
F-statistic (p-value) 14.29 (< 0.001) 30.58 (< 0.001) 28.08 (< 0.001) 4.541 (< 0.001) 10.14 ( <0.001) 
Adjusted R2 0.311 0.523 0.295 0.081 0.203 
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Fig. 2. Estimated effects of ISVs on WTP values for the choice attributes from the RPL2 model 
Age is non-linearly related to WTP for the LAND and BIO attributes. For the first, WTP initially increases from 
2€ to 2.7€ at the age of 27, then decreases to 1.9€ at the age of 45 and then is rapidly increasing again well above 3€ 
for persons aged 60 or more. For BIO, WTP increases with age from 12€ to 19€ at about the age of 37 and then 
decreases to values below of 10€ for elders (> 60). Age does not appear to affect WTP for NOISE and AIR, when 
controlling for the effects of other covariates, while its effect on WTP for EMPL is negative with an almost linear 
trend; it decreases from about 1€ for younger people (~20) to zero and even negative values for those older than 55 
years of age.  
Income effects on WTP are non-linear for all five attributes. For landscape impact (LAND), WTP increases in 
an almost cubic manner from about 2€ for low income values (250€/month) to a maximum of 5.5€ per level change 
for the highest income values (4250€/month). For biodiversity impact (BIO), expected WTP per level change 
towards improvement appears to be almost constant at the value of 16€ for lower income levels (up to about 
1500€/month) and then decreases rapidly and smoothly to a minimum of about 4€ for the highest incomes. Income 
effect on WTP for NOISE and AIR is strictly negative and positive respectively, while its effect on WTP for new 
employment positions is non-monotonous; it increases from 0.3€ for the lowest incomes to a maximum of about 
0.8€ for mid-upper incomes (~2500€/month) and then decreases rapidly to 0.3€ for the highest ones.  
Education (EDUCYRS) has negative non-linear effects on the WTP for all attributes but EMPL, for which its 
effect is non-monotonic. WTP for LAND decreases from an average of 11€ for the less educated (5 years in full-
time education) to about 0€ for the most educated respondents (25 years). For BIO, the relationship is concave, 
decreasing from about 16.5€ to 7€. For NOISE and AIR, patterns are similar, declining from about 20€ to 0€ and 
35€  to 15€ respectively. WTP for EMPL starts from negative values and, as years of education increase, reaches a 
maximum of about 0.9€ (for EDUCYRS=14) and then declines again towards negative values. 
Number of kids (NKIDS) is positively related with the WTP for LAND improvements and RES job creation 
(EMPL), and negatively related with the WTP for BIO and AIR. Significant regional variation (REGION) is 
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detected for the WTP for the BIO and AIR attribute, reflecting possibly differences in local conditions. Urban  
dwellers have higher average WTP for biotope improvements and job creation than rural dwellers, when controlling 
for the effects of other covariates. Members of environmental groups are much more sensitive to NOISE reductions 
and much less sensitive to EMPL than other respondents.    
5. Concluding comments 
We conducted a choice experiment to value five key attributes associated with RES installations in the island of 
Crete. Choice models were used to obtain monetary estimates for the preferences of residents about the impact of 
generic RES projects on the environment and the local economy, and their relationship to agents’ characteristics. 
These valuations were found to be strongly related to individual socio-demographic characteristics. Our empirical 
results may well inform decision makers towards the types of RES projects’ characteristics that are locally 
acceptable and for designing and targeting more efficient policies to meet the 2020 energy targets in a socially 
beneficial way. 
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